The indoor air temperature and relative humidity in residential buildings significantly affect material moisture durability, heating, ventilation, and air-conditioning system performance, and occupant comfort. Therefore, indoor climate data are generally required to define boundary conditions in numerical models that evaluate envelope durability and equipment performance. However, indoor climate data obtained from field studies are influenced by weather, occupant behavior, and internal loads and are generally unrepresentative of the residential building stock. Likewise, whole-building simulation models typically neglect stochastic variables and yield deterministic results that are applicable to only a single home in a specific climate. The purpose of this study was to probabilistically model homes with the simulation engine EnergyPlus to generate indoor climate data that are widely applicable to residential buildings. Monte Carlo methods were used to perform 840,000 simulations on the Oak Ridge National Laboratory supercomputer (Titan) that accounted for stochastic variation in internal loads, air tightness, home size, and thermostat set points. The Effective Moisture Penetration Depth model was used to consider the effects of moisture buffering. The effects of location and building type on indoor climate were analyzed by evaluating six building types and 14 locations across the United States. The average monthly net indoor moisture supply values were calculated for each climate zone, and the distributions of indoor air temperature and relative humidity conditions were compared with ASHRAE 160 and EN 15026 design conditions. The indoor climate data will be incorporated into an online database tool to aid the building community in designing effective heating, ventilation, and air-conditioning systems and moisture durable building envelopes.
Introduction
Indoor climate is an important factor to consider when evaluating the performance of residential buildings. Indoor air temperature and relative humidity strongly affect occupant comfort, air quality, the performance of heating, ventilation, and air-conditioning (HVAC) systems, and the moisture durability of building materials. Numerical models that evaluate envelope durability and equipment performance generally require indoor climate data to define boundary conditions. Since the choice of these conditions may significantly affect simulation results, accurate data must be available.
Numerous field studies have collected measurements on indoor climate and occupant thermal comfort. Humphreys (1976) gathered thermal comfort data from more than 30 field experiments in various geographic locations, and De Dear and Brager (1998) compiled a database of thermal comfort observations from 160 buildings worldwide. The National Renewable Energy Laboratory has collected indoor temperature and humidity measurements from homes across the United States (Metzger and Norton, 2014) . However, the results from field studies, such as these, may not be representative of the residential building stock due to limited sample sizes. Indoor climate conditions tend to vary among homes due to differences in outdoor weather conditions, building envelope insulation, internal heat and moisture loads, and thermostat set points. Additionally, individual measurements may be influenced by factors that are difficult to measure, such as occupant behavior, preventing one from determining what the results actually represent. Field studies are also typically performed over a short period of time and may not reflect seasonal variation.
Computational methods can also be used to generate indoor climate data. Various whole-building simulation engines have been developed to predict indoor climates for different weather conditions, building characteristics, and occupant behaviors (Crawley et al., 2008) . These tools utilize dynamic models for heat and mass transfer and account for the interaction of HVAC systems and internal loads. Unlike field studies, building simulations can be used to understand the effects of certain building characteristics and occupant behaviors on indoor climate by performing sensitivity analyses. However, simulation tools generally produce deterministic results that are applicable to only a single building in a specific location and therefore may not be useful for analyzing the performance of the general building stock. Modeling may also require field measurements or generalizations to specify the simulation input parameters, producing some uncertainty in the results. Simulation results are frequently questionable because certain factors that vary stochastically within the building stock, such as occupant behavior and building characteristics, are defined by a constant value rather than with a probability distribution function (PDF).
Deterministic simulation engines can be used to generate probabilistic results that are applicable to any home, despite variation in the building stock, utilizing Monte Carlo methods. A large number of simulations, each with stochastically varying input data, may be performed to produce a database of results that are statistically representative of the existing homes. However, few studies have modeled residential buildings in a probabilistic manner. Sulaiman and Olsina (2014) accounted for stochastic weather conditions by performing simulations with numerous sets of synthetically created climate data. Tian and De Wilde (2011) also used synthetic climate data, but also accounted for uncertainty in other input variables such as infiltration rate, lighting heat gain, and wall U-value in the Monte Carlo building simulations. Brohus et al. (2012) developed an alternative approach using stochastic differential equations. These studies consider some uncertainty in the simulation variables, but they tend to model only a single (or a few) case study buildings, neglecting variation in building characteristics within the entire residential building stock.
The purpose of this study was to generate time-varying indoor climate data that are statistically representative of the existing homes by probabilistically modeling the indoor climates of different types of residential buildings in various locations in the United States. To produce results that are broadly applicable to the residential building stock, Monte Carlo methods were used to account for stochastic variation in home characteristics and occupant behavior. The moisture buffering effects of different building materials were factored into the model to simulate moisture transport and storage in the building envelope. The primary goal of this study was to produce probabilistic data that can be used in future studies to accurately define indoor climate conditions when modeling building performance. Additionally, the average monthly net indoor moisture supply levels were calculated for each climate zone, and the indoor air temperature and relative humidity data were compared to design conditions from building standards for moisture control. This study also analyzed the effect of building type and location on seasonal variation in indoor climate conditions.
Methods
The building simulations were performed using the simulation engine EnergyPlus (8.5.0) , an open-source program that models whole-building energy use, climate conditions, and thermal loads. EnergyPlus was originally developed by the U.S. Department of Energy from the BLAST and DOE-2 building simulation engines (U.S. Department of Energy, 2016b) and has been extensively validated in accordance with ANSI/ASHRAE Standard 140-2011 (2011) and tested in comparison to other building simulations engines (Henninger and Witte, 2015) . EnergyPlus is designed to run building simulations using input files (IDF) that contain detailed information about various building characteristics. Weather files (EPW) are used to define the outdoor environmental conditions, and schedule files (CSV) may be used to define occupancy patterns, appliance use, and thermal and electrical loads.
The procedure used to produce the probabilistic indoor climate data is outlined in Figure 1 . First, simulation input data were generated, accounting for discrete variation in building type and location and stochastic variation in internal loads, home size, and thermostat set points. The moisture buffering characteristics of building materials and the sizing of the HVAC system were also specified. Next, 840,000 year-long EnergyPlus simulations were performed, producing hourly air temperature and relative humidity data. The simulation output files were concatenated, and the data were processed and analyzed. This procedure is described in greater detail in the following sections.
Residential building types
Six different types of residential buildings that are most common in the residential building stock were considered in this study. As shown in Table 1 , each building type was modeled in EnergyPlus with either one or two floors and an unvented crawlspace, unfinished basement, or a slab foundation. All homes were modeled with a vented, unfinished attic. For simplicity, the buildings were designed with a 
Weather data locations
Typical Metrological Year (TMY) weather files are frequently used in building simulations to model building performance under normal conditions. These datasets are created by selecting individual months of typical weather conditions from many years of historical data and combining them into a year-long dataset. However, TMY files may not characterize yearly variation and extreme weather conditions. Instead, 10 years (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) of actual weather data was used to more accurately model peak thermal loads.
The 2009 IECC divides the United States into eight climate zones and three moisture regimes (International Code Council, 2009 ). The contiguous 48 states consist of climate zones 1-7, while climate zone 8 only exists in parts of Alaska. Deru et al. (2011) selected one city in each climate zone and moisture regime as a representative city, based on the density of commercial buildings and the degree to which the city's climate is representative of the climate of the entire zone. To account for regional variation in climate, 14 of these representative cities were chosen as locations for this study (Table 2) .
Internal heat and moisture loads
The internal heat and moisture loads in a building have a significant effect on the indoor air temperature and relative humidity. However, these loads are highly dependent on occupant behavior and therefore are difficult to accurately predict. It is common practice to make generalizations about indoor heat and moisture production when analyzing building performance. For example, the software program BEopt, a front-end interface application for EnergyPlus, uses default appliance use and internal load schedules that aim at representing the performance of an average US house (BEopt, 2016) . Generalizations such as these fail to account for stochastic variation and are not adequate for probabilistic building analysis. Pallin et al. (2016) at Oak Ridge National Laboratory (ORNL) developed a probabilistic simulation tool called the Generation of Indoor Heat and Moisture (GIHM) tool that models heat and moisture generation in residential buildings. The tool uses Monte Carlo simulations to account for various stochastic heat and moisture sources which are listed in Table 3 . Loads from individual sources are calculated by estimating the magnitude of each load and probabilistically defining how frequent and for how long each source produces heat or moisture. The total hourly heat and moisture load is calculated by adding the loads from the individual sources. For this study, 1000 probabilistic internal load datasets were generated for each of the 14 locations using the GIHM tool. Within each dataset, the internal loads were broken down into four categories: convective sensible loads, radiant sensible loads, latent loads, and lighting loads.
Home size
The GIHM tool (Pallin et al., 2016) was also used to generate probabilistic values for the finished floor area of the modeled homes. The GIHM tool used a PDF for Table 2 . Weather data locations based on climate zones, moisture regimes, and representative cities (Deru et al., 2011; International Code Council, 2009 Figure 2 . The geometry of the building was scaled as a function of the finished floor area for each simulation. The building length and width were adjusted so that the aspect ratio of the floor plan remained constant. The ceiling height and roof pitch were held constant at 2.44 m (8 ft) and 6:12, respectively. Additionally, the width of each window was adjusted so that the overall wall-to-window area ratio was 0.15, as specified by the Building America House Simulation Protocols (Wilson et al., 2014) .
Thermostat set points
Heating and cooling thermostat set points tend to vary from home to home due to differences in tenant preferences, so the thermostat set points were varied stochastically for each simulation. It was assumed that a dual set point thermostat with constant heating and cooling set points was used in all homes. For each simulation, the thermostat set points were probabilistically selected from the 2009 RECS data (U.S. Energy Information Administration, 2009) with respect to climate zone. The heating and cooling set points were selected together to avoid unrealistic situations where the cooling set point is lower than the heating set point.
Air tightness
The air tightness of a home affects the indoor air temperature and relative humidity by controlling how much air is exchanged through the building envelope. To account for the variation in air tightness within the general building stock, the air Table 3 . Internal heat and moisture sources included in the GIHM tool (Pallin et al., 2016 tightness of the modeled homes was stochastically varied for each simulation. Lawrence Berkeley National Laboratory (2012) collected air leakage data from 134,000 residential buildings and created an online calculator that computes cumulative distribution functions (CDFs) for air leakage in units of air changes per hour at 50 Pa (ACH50). The calculator has different selectable options for climate zone, building characteristics, and age of the building. For this study, CDFs were generated for 3 foundation types, 14 locations, and 7 home sizes. When generating the CDFs, the following assumptions were made: all homes were built after year 2000, all duct systems were in an unconditioned space, homes did not qualify for the Weatherization Assistance Program, and homes were not certified by Energy Star. These CDFs were used to generate stochastic air leakage data in units of ACH50, which were converted to units of ACH natural using the LBL factor (U.S. Environmental Protection Agency, 2001). For simplicity, the air leakage of the entire home was applied to the living area thermal zone in the EnergyPlus model, and air mixing between the attic, living area, and basement/crawlspace was not considered. The air exchange rate of the attic with the outdoor air from ventilation was modeled using the basic model described in the ASHRAE Handbook Fundamentals (ASHRAE, 2013) . This model is based on the effective leakage area defined by Sherman and Grimsrud (1980) . The ratio of the effective leakage area to the total attic floor area was set to 1:300 for climate zones 1-5 and 1:600 for climate zones 6 and 7. All homes were assumed to be in shelter class 3.
HVAC system
In practice, HVAC systems are commonly oversized compared to the actual cooling load. An oversized system cools the indoor air to the cooling set point temperature in a shorter length of time than a correctly sized system. When this occurs, less moisture is removed from the air, resulting in a greater indoor relative humidity. Since the sizing of the HVAC system does have an effect on the indoor climate, building simulations should ideally model the capacity of the HVAC system as a stochastic variable to reflect the full range of sizes that are present in the building stock. However, very little probabilistic data are available regarding the capacities of HVAC systems relative to thermal loads in actual homes. As a result, this study did not consider the effect of oversizing or undersizing on the HVAC system. Instead, EnergyPlus was used to appropriately size the capacity of the HVAC system for each simulation using the 2009 ASHRAE design conditions (U.S. Department of Energy, 2016c). ASHRAE design conditions represent extreme climate conditions for a specific location and are defined by the percent of time that actual climate conditions exceed the design conditions (ASHRAE, 2013). The 99.6% conditions were used to calculate heating loads and the 0.4% conditions were used to calculate cooling loads. Since HVAC system sizing in EnergyPlus is highly dependent on internal loads, the average annual internal load profiles were inserted into the probabilistic internal load datasets on both the heating and cooling design days to ensure consistent sizing throughout all simulations. The remaining characteristics of the HVAC system were modeled according to the specifications in the Building America House Simulation Protocol (Wilson et al., 2014) . Since most homes do not have a humidistat, the indoor relative humidity was not explicitly controlled.
Effective Moisture Penetration Depth model for moisture buffering
As the amount of moisture inside a building changes over time, vapor is exchanged between the air and the exposed building materials. Existing hygrothermal simulation models differ in multiple ways, including their dimensionality and methods for modeling moisture transport and storage (ASTM E3054/E3054M-16, 2016). Additionally, they can be either steady state or transient, and either deterministic or stochastic. Among the user-selectable options in EnergyPlus for the heat balance algorithm are three hygrothermal models that consider moisture transport: the Effective Capacitance (EC) model, the Effective Moisture Penetration Depth (EMPD) model, and the Combined Heat and Moisture Transfer (HAMT) model (U.S. Department of Energy, 2016a). Woods et al. (2013) concluded that the EMPD model is less accurate than the HAMT model, which utilizes finite difference methods, but generally more accurate than the simpler EC model for modeling indoor relative humidity. The EMPD model was chosen for this study because it avoids the complexity and computation time associated with the HAMT model, but offers a level of accuracy that is sufficient for this study.
The EMPD model simulates the absorption and desorption of moisture to and from material surfaces with periodic variation in humidity (U.S. Department of Energy, 2016a). The effective moisture penetration depth and the equilibrium moisture sorption isotherm for each exposed material inside the building must be specified in the EnergyPlus model prior to running the simulation. The EMPD is defined as the thickness of a hypothetical thin layer of uniform moisture content at the surface of a material that exchanges moisture with the air (U.S. Department of Energy, 2016a). It is defined by Hagentoft (2001) as
where d M is the penetration depth (m), a v is the moisture diffusivity of the material (m 2 /s), and t is the periodic timestep (s). The penetration depths of the exposed interior building materials in the modeled homes were calculated using equation (1) using a periodic timestep of 24 h (Table 4 ). The material property values that were used in the computation of moisture diffusivity were obtained from Hagentoft (2001) and Haghi (2011) .
The equilibrium moisture sorption isotherm is defined by Kerestecioglu et al. (1988) in the following form
U is the moisture content (kg/kg), u is the relative humidity (0-1), and a, b, c, and d are unitless coefficients. The coefficients in equation (2) for the materials Table 4 . Moisture buffering properties of exposed interior building materials for the EMPD model (Hagentoft, 2001; Haghi, 2011; Kerestecioglu et al., 1988 considered in this study were obtained from Kerestecioglu et al. (1988) and are shown in Table 4 . All the exposed materials inside the modeled homes that were accounted for by the EMPD model are listed in Table 4 . In the living space, the surface of the walls and ceiling were modeled as gypsum drywall, and the surface of the floor was modeled as carpet. The moisture material properties of carpet were approximated from the properties of wool textile material. In the unfinished attic, the interior surfaces of the wall and roof were modeled as wood particle board, and the floor was modeled as a generic type of insulation. For building types with an unfinished basement or crawlspace, the interior surface of the basement or crawlspace ceiling was modeled as wood particle board. The walls were modeled as either insulation or concrete depending on the insulation requirements for the specific climate zone. All basement floors were modeled as having the moisture material properties of concrete. The crawlspace was simulated as being encapsulated, assuming that moisture from outside or the ground does not impact the crawlspace environment. The surface area of the furniture was 70% textile and 30% wood. The total mass of furniture in the home was defined according to the 2014 Building America House Simulation Protocols as 39.1 kg/m 2 (8 lb/ft 2 ) of the total conditioned floor area (Wilson et al., 2014) .
EnergyPlus simulations
This study considered 84 different simulation cases: one for every combination of the 14 locations and six building types. By stochastically varying the internal loads, home size, thermostat set points, and air tightness, 1000 probabilistic simulation input files were generated for each case. Each case was simulated over a 10-year run period with a 10-min timestep. A total of 840,000 year-long EnergyPlus simulations were performed using ORNL's 27 petaflop supercomputer, Titan (Oak Ridge Leadership Computing Facility, n.d.). Output variables from the simulations included the indoor mean air temperature and relative humidity. While these simulations would have taken approximately 1.6 years to run on a single standard desktop computer, they took only 84 min to run on Titan.
Of the 840,000 total simulations, 65 failed to finish due to a simulation convergence error and 340 failed to initialize due to a problem unrelated to the validity of the input data, resulting in an overall success rate of 99.95%. The output data from the failed simulations were omitted from the results, and effect of these omissions on the probabilistic distribution of the results was assumed to be negligible.
Results and discussion
The primary goal of this study was to produce probabilistic indoor climate data that can be used to improve the accuracy of building performance modeling. This article also provides an analysis of the effects of various factors on indoor climate conditions. The first section analyzes the distribution of indoor climate conditions in certain subsets of homes. The second section provides guidelines for the average net excess moisture in homes for different climate zones. The analysis focuses on 2 of the 84 simulation cases that represent dissimilar outdoor climates and building types: (1) one-story homes in Chicago, IL, with unfinished basements and (2) twostory homes in Houston, TX, with slab foundations. The third section considers the effects of geographic location and building type on indoor climate conditions.
Distribution of indoor climate conditions
The distribution of indoor climate conditions was investigated by calculating the indoor air temperature and relative humidity at three different percentile values (P = 10, P = 50, and P = 90). These data are displayed along with the average outdoor climate conditions in Figures 3 and 4 for cases 1 and 2 (one-story homes with unfinished basements in Chicago, IL, and two-story homes with slab foundations in Houston, TX), respectively. The curves for percentiles P=10, P=50, and P=90 in Figures 3 and 4 show the distribution of values rather than the results from a single simulation. The hourly outdoor temperature and relative humidity values were averaged over the 10-year run period. As shown in Figures 3 and 4 , the indoor temperature at each percentile tended to vary between discrete temperature values, while the indoor relative humidity seemed to vary without finite boundaries. This is because the indoor temperature was controlled with discrete thermostat temperature set points that varied from home to home, while the indoor relative humidity was not explicitly controlled in the simulations. Additionally, a comparison of the two cases indicates a wider range in indoor relative humidity for case 2 than case 1. Especially during the winter months, the difference between the P = 10 and P = 90 curves was greater for case 2 than case 1, indicating greater stochastic variation in the indoor relative humidity for that specific location and building type.
The design conditions in ANSI/ASHRAE Standard 160 (2009) and EN 15026 (2007) are included in Figures 3 and 4 as a reference, to consider the potential risk for moisture durability problems. ANSI/ASHRAE Standard is a US standard that defines the indoor design conditions that ensure effective moisture control in buildings and prevent moisture durability problems in building envelopes. EN 15026 (2007) is a European standard that specifies methods for transient hygrothermal simulation of buildings. Both standards define the design indoor temperature and relative humidity as a function of the outdoor air temperature. The ASHRAE 160 design indoor relative humidity values were calculated using the simplified approach found in the standard, and the EN 15026 design indoor relative humidity values were calculated using the assumption that buildings had normal moisture loads.
The variation in both the indoor air temperature and relative humidity relative to the design conditions indicates the importance of the variation in the simulation input parameters in determining the simulation output. The indoor relative humidity, which is generally not explicitly controlled in residential buildings, may be significantly affected by stochastic variation in variables, such as internal moisture generation and the moisture content of the outdoor air.
Indoor moisture supply
To quantify the variation in the amount of moisture inside the home, the average monthly net indoor moisture supply values (g/m 3 ) were calculated for each climate zone. Since the effect of building type on indoor climate conditions was found to be minimal, only one-story homes with basements were considered. The average monthly net indoor moisture supply was calculated by subtracting the water vapor content of the outdoor air (g/m 3 ) from the water vapor content of the indoor air on an hourly basis and then averaging the values for each month. These values were then evaluated at three different percentiles (P = 50, P = 75, and P = 90) out of the results from all simulations. The results for case 1 are shown in Figure 5 , and the results for all climate zones are included in Appendix 1.
The results for case 1 show a significant reduction in the net indoor moisture during the summer months. This can be explained by the removal of excess moisture from the indoor air by the cooling system during the warmest months of the year. Negative values indicate that the water vapor content of the indoor air is less than the water vapor content of the outdoor air. The greatest difference in the net moisture supply between the P = 50 and P = 90 percentiles also occurred during the summer months.
The full results for all climate zones are shown in Table 5 in Appendix 1. They show distinct net moisture supply profiles for different locations, indicating that the relationship between indoor and outdoor air water vapor content is dependent not only on time of year but also on climate zone. Therefore, the data in Table 5 can be used to establish simplified guidelines for estimating indoor air relative humidity in different climate zones. The hourly indoor moisture content for each month can be approximated by adding the average monthly net moisture supply to the hourly outdoor moisture content.
Effects of geographic location and building type
The IECC climate zones are defined such that climate zone 1 represents the hottest climate and climate zone 7 represents the coldest climate. The letter designations for moisture regimes represent (A) moist, (B) dry, and (C) marine conditions (International Code Council, 2009 ). The effects of climate zone and moisture regime on indoor climate conditions were analyzed by comparing the median (P = 50) hourly indoor climates for different climate zones and moisture regimes. This is shown in Figure 6 for climate zones 1, 3, 5, and 7 for one-story homes with unfinished basements in moisture regime A. As expected, the indoor air temperature and relative humidity were generally greater for homes in warmer climate zones. Figure 7 shows how indoor climate conditions vary with different moisture regimes. The median hourly indoor climate conditions in one-story homes with basements in climate zone 4 were calculated for all three moisture regimes. The outdoor relative humidity for each moisture regime is also included in the bottom chart. As expected, the median indoor relative humidity was lowest for moisture regime B (dry). The indoor air temperature was generally greatest for moisture regime B and lowest for moisture regime C, with moisture regime A between them throughout the year.
The effect of building type on indoor climate was studied by comparing the median indoor climate conditions in homes of different building types in the same geographic location. The results indicated minimal differences, suggesting that building type has a less significant impact on indoor climate than other factors, such as location.
Conclusion
In this study, the indoor climates of homes were probabilistically modeled to account for stochastic variation in many of the factors that affect indoor air temperature and relative humidity. The simulations generated approximately 840,000 years of hourly indoor climate data for a variety of building types and locations. Because the simulations were performed in a probabilistic manner, the data should be statistically representative of the existing homes and can be applied broadly throughout the residential building stock.
A comparison of the results for different climate zones indicated variation in the distribution of climate conditions and differences relative to the ASHRAE 160 and EN 15026 design conditions. Calculation of the monthly average net indoor moisture supply provided information that can be incorporated into simplified guidelines for estimating indoor relative humidity. The average indoor moisture content can be calculated using observed hourly outdoor moisture content data and values from Table 5 in Appendix 1 for specific climate zones. This may be useful for estimating indoor climate conditions based on the outdoor conditions and location without requiring whole-building simulations.
As expected, a comparison of simulation results for different climate zones showed greater indoor air temperatures in regions with hotter outdoor conditions and greater indoor relative humidity conditions in regions that are generally more humid. However, comparisons between different building types revealed minimal differences in indoor climate. Future studies may use these simulation results to correlate certain building characteristics and occupant behaviors with the indoor conditions in these homes and provide recommendations for more stringent revisions to building codes to prevent moisture durability issues.
Indoor climate data are generally required in the analysis of building performance, including the evaluation of indoor health and comfort, environmental air quality, HVAC system performance, moisture durability, and mold and mildew growth. Whole-building simulation engines, such as EnergyPlus, are able to compute indoor climate conditions that can be used as boundary conditions in partialbuilding simulation engines, such as WUFI (Ku¨nzel, 1995) . Generalized assumptions about indoor conditions can be used, but probabilistically generated sets of data may more accurately account for stochastic variation and extreme conditions. Therefore, the results of this study will be made accessible to the building community through an online tool that can provide and display probabilistic indoor climate datasets for residential buildings based on location and building type. Ideally, this tool will serve as a resource to researchers and practitioners who require indoor climate data in their analysis of building performance. 
2.104
Indoor hourly moisture content may be estimated by adding the following monthly net moisture supply values to the hourly outdoor moisture content during each month.
